The objective of this study is to understand the different behavioral considerations that govern the choice of people to engage in a crowd-shipping market. Using novel data collected by the researchers in the US, we develop discrete-continuous models. A binary logit model has been used to estimate crowd-shippers' willingness to work, and an ordinary least-square regression model has been employed to calculate crowd-shippers' maximum tolerance for shipping and delivery times. A selectivity-bias term has been included in the model to correct for the conditional relationships of the crowd-shipper's willingness to work and their maximum travel time tolerance. The results show socio-demographic characteristics (e.g. age, gender, race, income, and education level), transporting freight experience, and number of social media usages significant influence the decision to participate in the crowd-shipping market. In addition, crowd-shippers pay expectations were found to be reasonable and concurrent with the literature on value-of-time. Findings from this research are helpful for crowd-shipping companies to identify and attract potential shippers. In addition, an understanding of crowd-shippers -their behaviors, perceptions, demographics, pay expectations, and in which contexts they are willing to divert from their route -are valuable to the development of business strategies such as matching criteria and compensation schemes for driver-partners.
INTRODUCTION
E-commerce has seen a remarkable increase in the last decade, and is projected to grow significantly in the future (1) . The number of online shopping orders per capita in 2013 was 28.7, 23.1, 18.2, and 13.6 in the UK, China, Germany, and the US, respectively (2) . Among online product categories, electronics, fashion, apparel, and books are reported as the most commonly purchased items (3) . A large variety of retailers -supermarkets, foods, beverages, apparel stores, bookstores, stationery stores, drug stores, electrical supply stores, florist shops, and souvenir shops -deliver small packages via regular transporters, carriers, or retail staff. As a result, logistics carriers have delivered a considerable number of small packages. Remarkably, the express delivery service for e-commerce purchases in China had a massive rise of 820% from 2009 to 2014 (4) . In the report for Barclays (5), Conlumino revealed that letterbox-sized packages and small parcels were around 60% of all UK online purchased deliveries in 2013. Letterbox-sized packages can fit through a standard UK letterbox, while small parcels are no larger than a standard UK shoebox. Moreover, Bringg stated that there were over 2 billion local deliveries in the US alone in 2016 (6) . As such, a huge demand for the delivery of small packages in urban areas can be observed.
In response to the demand for delivery services, the rise in e-commerce, and improved internet connection and smartphone technologies, a substantial number of crowd-shipping firms has been established worldwide. One challenge for crowd-shipping companies is to provide sufficient supplies to accommodate this demand. Therefore, identifying the potential supply from a third-party is crucial for crowd-shipping companies. One possible solution is to attract people who travel anyway to utilize the unused capacity in their vehicles to transport freight. In fact, there is a potential to make use of available vehicle volume for delivery freight. The US National Household Travel Survey from 2009 revealed the national average vehicle occupancy for all trip purposes was 1.67 (person miles per vehicle mile) (7) . In addition, data from some other US cities also confirmed similar statistics (8) (9) (10) , as can be seen in Table 1 . Moreover, delivery distance information is helpful for crowd-shipping companies' operational strategies (e.g. to alert potential crowdsourced drivers of jobs within their distance preferences). The maximum and minimum distances computed from a one-day data set of requests for freight delivery in Shanghai, China were 87.5 km and 0.18 km, respectively (11). The delivery requests were collected from traditional logistics carriers and local shops. The traditional logistics carriers outsourced e-commerce packages requested to be picked up from their local service branches, while the local shops requested online-to-off-line package deliveries. The average distance for all delivery trips was 6.5 km (i.e. 4 miles). The average delivery distance of packages ordered from local shops was only about 3 km (i.e. 1.86 miles).
Potential crowd-shipping supply, however, is not yet clear on various aspects. The following research questions remain: "Who is willing to work as a crowd-shipper? Are there any specific socio-demographic characteristics associated with prospective crowd-shippers? What factors drive them? Do they have any preference for the types or owners of shipments? What is the maximum tolerance for travel time (TTT) or distance that crowd-shippers would accept to divert from their typical routes for pickup and delivery purposes? What factors influence this decision? How much do crowd-shippers expect to be paid (ETP)?" (12) . However, clear research based answers are not yet available. Accordingly, this research will investigate these questions with discrete-continuous approach models. These models examined prospective crowd-shippers' willingness to work (WTW) as well as the maximum TTT of respondents who are willing to work as crowd-shippers. This paper provides crowd-shipping companies a better understanding of effective and efficient system operations. This information will help crowd-shipping firms to recruit part-time drivers, understand when to work, how much to work, which circumstances affect prospective crowd-shippers' WTW, and set up operational strategies (e.g. matching and routing strategies, incentive for driver-partners).
This paper includes six sections. The introduction presents the background and motivations of this study. The literature review section illustrates its state-of-the-art methodology. Section 3 features information from the study's data sources. The findings and insights are discussed in the estimation results section. Finally, the study is summarized in the conclusion section.
LITERATURE REVIEW
Since there is no available data on crowd-shipping operational practices, comprehensive questionnaire sets were designed to address the aforementioned research gaps. The survey design, descriptive statistics and preliminary insights from the data are presented by the authors in another paper (12) .
This research was motivated by the questions related to survey responses (i.e. the WTW and TTT choices). A logit model was employed to estimate for the discrete choices of WTW as crowd-shippers or not. An ordinary least-square regression model was employed to calculate crowd-shippers' maximum tolerance for shipping and delivery times. The selectivity-bias term was added to the regression model to correct for the correlations of discrete and continuous variables.
A variety of studies in the field of transportation have used discrete-continuous approaches. Bhat and his colleagues published a series of works using this technique. For example, Bhat (2005) developed a multiple discrete-continuous extreme value model to test time-use allocation decision. The results showed the significant influence of demographics and employment patterns on time-use patterns (13) . The multiple discrete-continuous model was employed by Bhat and his colleagues in other studies as well (14 -15) .
Relationships between variables (e.g. discrete and continuous) have been found in various transportation data sets. Hamed and Mannering (1993) developed a new method to correct these correlations. The choice to go home from work and the travel time to home were modeled as discrete-continuous models to which the selectivity correction term was applied. Selectivity bias was presented in the model since the travel time data was only available from the subset of respondents who decided to go directly home from work. The authors employed a binary logit model to analyze the activity/home choice model and an ordinary least-square regression model for the travel time from work to home. The results showed that the selectivity correction term was statistically significant; therefore, correlations are present in the data set (16) . Numerous works have addressed methodological issues related to this topic (17) (18) (19) (20) (21) (22) (23) (24) (25) . Our goal in this paper is to apply this methodology to an innovative dataset in crowd-shipping and obtain various insights related to WTW and TTT choices.
Research on the supply side of the crowd-shipping system is limited. Paloheimo et al.
(2016) studied a crowdsourcing pilot program for delivering library materials (i.e. books and library media) in Finland, and found an average detour of 2.2 km per delivery. In addition, of all reasons for respondents to participate in the trial, "try something new," "make life easier for me," "support public service," and "support the environment" were reported as the major motivations (26) . In another study, 64% of respondents were willing to transport parcels and 44% were motivated by ecological interest, according to Briffaz and Darvey (2016) (27) .
Regarding the value of potential crowd-shippers' WTW, few relevant publications have been found. In a recent study, Miller et al. (2017) estimated the value of WTW, which is defined as giving up time and making profits. The WTW value was found to be higher than the typical willingness to pay values presented in the literature. Moreover, socio-demographic and attitudinal variables were reported to have a significant influence on the WTW decision (28) . The paper of Miller et at. (2017) is among the earliest research on the topic; however, selectivity bias was ignored in the modeling approach. Failure to correct for the selectivity bias leads to significant limitations on the insights and conclusions drawn from the estimated results (29) . Therefore, the goals of this paper are to provide objective and consistent results as well as contribute to the emerging field of crowd-shipping research.
METHODOLOGY
In this study, respondents were first asked whether they were willing to work as crowd-shippers (discrete variable). If so, they were asked what is the maximum TTT (continuous variable) that they would accept to pick up and deliver packages. Those decisions are interrelated; therefore, the discrete-continuous models are the best fit to analyze the data (29) . In addition, the interconnected discrete-continuous data is generally considered as a problem of selectivity. The observed data (i.e. TTT) was the outcome of a selection process related to the non-random sample of data from observed discrete decisions (i.e. WTW as crowd-shippers). The relationships of the decisions are illustrated in Figure 1 . The goal of this study is to identify which factors relate to the maximum TTT of respondents willing to work as crowd-shippers. The continuous TTT is defined as:
Where i TTT is the tolerance for travel time of crowd-shipper i; ' s α are estimable parameters; i X is a vector of respondent i's social demographic variables; i ε is an unobserved term assumed to be normally-distributed. However, since this model is applied to the subset of respondents who are willing to work as crowd-shippers, i ε does not have a zero mean as assumed. Therefore, we need to use the selectivity bias to correct for the discrete-continuous models. The selectivity bias indicates a conditional TTT value given that respondents are willing to work as crowd-shippers. Several approaches have been developed to correct for such selectivity bias (30, 31) . Denote ( )
is a conditional mean of i ε given that respondent i chooses to be a crowd-shipper (31).
( )
Where ε σ is the standard deviation of the normally-distributed unobserved term ε ; ξ σ is the standard deviation of the logistic unobserved term ξ in the discrete choice model (Equation 6); ρ is the correlation between ε and ξ ; and ik Π is defined as:
Where ik p is the probability of the decision of WTW as a crowd-shipper of a respondent i.
Substituting (4) in in (1), the equation becomes:
where β is an estimated parameter which equals
ε has a conditional zero mean by construction.
In Equation (5), the parameter β of the selectivity-bias term is estimated as a random parameter. As such, a parameter is estimated for each observation. The hypothesis under this assumption of a random parameter is the variety of behavioral observations. In other words, all observations used in this model are willing to work as crowd-shippers, and their TTT varies. This Equation (5) is then computed using the ordinary least-squares method.
The discrete-continuous model with the selectivity correction term is consequently solved in the following three steps:
1. Using a discrete-choice model to estimate a probability for each discrete decision (i.e. willingness to work as crowd-shippers). The data set from all respondents is employed in this step. 2. Using the outcomes from step one to estimate values of selectivity. 3. The regression model is employed to evaluate the continuous data. This model includes the computed selectivity variable from step 2 that corrects for the selectivity bias of the discrete-continuous decision process. Only a subset of data, from respondents who are willing to work as crowd-shippers, is used in this model.
The multinomial logit model is widely used in studies of choice modeling. One property of this model is an assumption of IIA, which is suitable for independent choices. Therefore, a multinomial logit model is commonly employed to infer the self-determined behavior of respondents. The
utility of decision k of a respondent is expressed as Uk.
Where k V is the observed utility, and ~(0,1) IID Gumbel ξ . The choice model is then written as:
In this study, the multinomial logit model is collapsed to a binary logit model since there are only two alternatives (i.e., willing to work as crowd-shippers or not) in the choice set.
DATA SOURCE
The data set used in this study was collected from a US survey spanning from February to April 2017. The survey was designed to understand the behavior of stakeholders (e.g. requesters and prospective crowd-shippers) and assumed the availability of crowd-shipping services in the logistics market. There were 1,176 responses, but the final data set only includes 549 respondents, as some responses were incomplete or inconsistent. In the survey, shipping experience, as well as preferences and stated preference questions on crowdsourced delivery were asked. Respondents reported their experience of transporting freight for someone else in the past, and then were asked whether they were willing to work as crowd-shippers in the future given a number of contexts. The logic conditions were applied to direct respondents to the follow-up questions depending on their responses of "yes" or "no". For example, the respondents who were willing to work as crowdshippers were asked for the maximum TTT they were willing to divert for picking up and delivering a package. Aside from responses to the hypothetical questions, the data set also includes socio-demographic characteristics, such as age, gender, race, education level, etc. Personal socioeconomic data -income, number of children, number of adults in his/her household, and accommodation ownership -are also provided in the data set. The results show 78% of respondents are willing to work as crowd-shippers. The TTT average and standard deviation are 23 and 18 minutes, respectively, for 20-minutes of travel on the original route. TTT distribution is displayed in Figure 2 . Readers can refer to the details of the questionnaire design, survey implementation, and descriptive variables in Le and Ukkusuri (2018) (12) . In Table 2 , only the characteristics of variables used in this study are summarized. The authors utilized NLOGIT 6 for all modeling work, including preliminary statistical analysis (as presented) and model building (32) . The model development procedure and insights from the achieved results are provided in the following section.
ESTIMATION RESULTS
The potential explanatory variables for the models were selected from theoretical and empirical studies on the sharing economy, ride-sharing and carpooling studies (33) (34) , and other crowd-shipping studies (28) . In addition, hypothetical variables (e.g. transport freight during commute, transport freight for people who potential crowd-shippers know, ETP, and packages ownership) were also tested in the models during the model building process. It is noted that the correlations between variables were calculated to identify highly correlated variables and prevent multicollinearity issues before building the models. Pair-wise variables, including newly created variables and variables from the survey, were found to have no highly correlated; therefore, there is no issue of multicollinearity with the developed models. The results of the estimated models are presented in the sections that follow.
Willingness to work as crowd-shippers model
As discussed, respondents selected whether or not they were willing to work as crowd-shippers (i.e. "Yes" and "No") from the choice set. Therefore, the binary-logit model was developed, and the WTW as crowd-shippers was selected as a dependent variable. Various explanatory variables were tested for statistical significance. There is no instrumental variable (i.e. endogenous variables associated with the corresponding alternative) that varies across alternatives. Explanatory variables only include respondents' socio-demographic characteristics. The results are presented in Table 3 . All parameters (except the constant parameter) have plausible signs and a significance of more than 95%. Respondents who transported freight or goods for someone else in the past were willing to work in the crowd-shipping system. This may be due to the respondents' familiarity with the field and confidence to participate in a similar system. Moreover, the positive and statistically significant parameter of "age" suggests that people who are more than 30 years old tend to be crowd-shipping driver partners. Perhaps these respondents are more likely to have routine daily activities, therefore, they can more easily accommodate an additional task. The parameter of males who have multiple children is positive. This indicates that they are more likely to work as crowdshippers, while females who have multiple children are less likely to do so. Males possibly consider themselves bread winners of the family and potentially have more flexible time schedules as compared to their female counterparts.
African American, American Indian, and Alaskan native respondents with a college degree or higher who earn less than $50,000/year are more likely to work for the crowd-shipping system. Earning about average or less than average income may motivate them to work as a crowdshipper (e.g. the average income of the US in 2015 was $48,100 (35)). Low income people consider crowd-shipping as an additional opportunity to earn income. This is potentially an extra job with flexibility. In addition, the negatively significant income coefficient suggests that respondents who earn higher incomes are less likely to work as crowd-shippers, as expected.
Our findings also show that respondents who are living with elderly people are less likely to work as crowd-shippers. This is probably because of the constraints imposed by living with elderly family members. They may need to spend more time with and be available to the elderly citizens; therefore, it reduces the flexibility to participate in crowd-shipping. However, respondents who are living in mortgaged houses are more motivated to work as driver partners for crowdsourced delivery companies. This indicates the desire to potentially earn additional income to pay loans and other debts. Moreover, individuals who use more social media outlets are more likely to work as crowd-shippers. These people may be more technology savvy, familiar with using apps, and open to gigs in the sharing economy.
Different population group may be engaged in crowd-shipping by different reasons. Some may want "to earn money while looking for a full-time job". Some may be motivated to "maintaining steady income" or "earning more income" at a certain stage in their life. Others may work "to have more flexibility" or "to be your own boss" (12) . Therefore, to promote crowdshipping and address prospective driver partners, crowdsourced delivery companies could filter crowds by multiple criteria for their promotion and recruitment program. Certainly, insights from this study provide initial ideas for understanding these issues.
To assess of the effect of explanatory variables on the decision of willing to work as crowd-shippers or not, the marginal effects were calculated. Marginal effects other than elasticity were selected since the elasticity is generally used for measuring continuous explanatory variables and the majority of estimated variables in this research are indicator variables. In this study, the marginal effects measure the variation in the decision of working as a crowd-shipper as a function of a change in a certain variable, while keeping other variables constant. Of the total variables, the experience of transporting freight in the past and age greatly influence the WTW for crowdsource delivery companies. For example, experience with delivery freight increases WTW 18.2%, while all other variables remained the same. Moreover, the 30 years and older age group's WTW was 15% higher. The income variable has the least marginal influence on the WTW decision. An increase of $1,000 in annual individual income will lower the possibility of working as a crowdshipper by 0.1%. All other variables have marginal effects in the range of 1-9%. All marginal effect coefficients are statistically significant, and have the same signs with the corresponding coefficients in the logit model.
Tolerance of travel time model
This section presents results from the corrected TTT regression model. The selectivity-bias approach is employed to correct for the TTT of respondents who were willing to work as crowd-shippers. Data from 1,720 observations (430 respondents) and discrete logit model outputs presented in Table 3 were employed to evaluate the regression model. Moreover, it is noteworthy to see the differences between the two models; therefore, results of the model estimated without the selectivity correction term are also presented in Table 4 .
Regarding the model estimated with the selectivity correction term, the commuting trip parameter is negative and significant influence on the TTT. Respondents were willing to carry freight on their commuting trips but less likely to divert for longer times compared to other trip purposes. This finding is consistent with the fact that respondents may have more flexibility in their schedules in other contexts, e.g. during leisure trips or free time. Therefore, they can make a longer diversion to transport packages during these latter scenarios. On the other hand, the parameter of "expected to be paid as a crowd-shipper" is positive and significant. Thus, the more respondents are paid, the longer distances they are willing to travel. Considering this, the compensation schemes should be carefully designed to attract occasional drivers, but not to induce considerable vehicle miles traveled. Long extra driving by driver partners may overcompensate the resource savings (e.g. fuel consumption per package delivery); therefore, violate the objectives of implementing crowdshipping systems that are improved mobility, safety, and environmental sustainability. One possible solution is to break-down long delivery trips so multiple crowd-shippers can cooperate to deliver the same request on their travel anyway. As such, crowd-shippers' route deviation is minimized.
During the design of the model, we were interested to identify potential crowd-shippers' package ownership preference. Interestingly, the coefficient of the variable for "I can deliver whoever's packages if I get paid" negatively influenced delivery TTT. As such, respondents are more likely to travel longer once they transport freight or goods for friends, colleagues, relatives, or neighbors. This suggests that crowd-shippers are more willing to divert from their routes to transport packages for people who are closely linked to them. One way to potentially improve the crowdshipping market would be to link the crowd-shipping with individuals' social network. Similarly, young people (i.e. less than 31 years old) and females are willing to travel longer to deliver packages.
The results also clearly show that the African American, American Indian, Alaska native males parameter is positive and statistically significant. Therefore, this segment of the population are more likely to travel longer to deliver once they work as driver partners for crowd-shipping companies. Moreover, respondents with low incomes (i.e. less than $30,001/year) are likely to travel longer to deliver freight at night. This result suggests that low-income respondents are more likely to accept work at times that are unattractive to other people.
The parameters identified in both the models are worth noting. In the two models, all common parameters are found significant, except the "age" parameter. The "age" parameter is not significant in the model estimated without the selectivity correction term. Furthermore, in the random parameter model that is estimated with the selectivity correction term, the selectivity-bias parameters are statistically different from zero. As such, the selectivity correction parameter varies significantly across observations. Therefore, the null hypothesis of the selectivity-bias parameter equal to zero can be rejected at the confidence level of more than 99.99%. These results also concur with our sample selectivity hypothesis. Thus omitting the selectivity correction term leads to serious model misrepresentation. For instance, when comparing the two models estimated with and without the selectivity correction term, the parameters are remarkably different, especially the constant and "age" parameters. As such, when the selectivity bias terms are ignored, erroneous interpretation and conclusions are produced from the estimated results.
In this research, ETP is the amount crowd-shippers expect to be paid for their delivery driving time. This value is similar to the WTW value in Miller et al. (2017) (15) . The ETP value of the model with selectivity correction is $12/hour, lower than the average WTW value reported by Miller et al. (2017) ($19/hour). However, this ETP value is within the $9.2 to $15.6 hourly value range of travel time saving published by the US Department of Transportation (36) . The finding of an ETP value might suggest crowd-shipping companies to set compensation schemes that align with driver expectations. This will potentially increase the recruitment and retaining crowd-shippers in the system.
CONCLUSIONS
Crowd-shipping or crowdsourced delivery companies provide platforms to connect senders who need to send packages to couriers who travel anyway. The system brings potential benefits to society, including improved mobility and reduced congestion and greenhouse gases. However, to implement an effective and efficient system, more understanding of the stakeholders, especially the crowdshippers themselves, is needed. There is a lack of research on this topic; therefore, this paper addressed the central questions of identifying the factors that influence the behavior (WTW and TTT) of those interested in joining the crowd-shipping system. A survey has been conducted to collect data for the discrete-continuous model estimations. A binary logit model has been used to examine factors' influence on the WTW as crowd-shippers. An ordinary least-square regression model has been employed to understand the factors that affect the travel time decisions of potential crowd-shippers. The correlations of the discrete and continuous variables were corrected by a selectivity-bias term in the regression model. This correction is to prevent erroneous insights and conclusions derived from the results. Overall, the results show that the parameters have plausible signs and are statistically significant.
The contributions of this research are of value to researchers, policy makers, and crowdshipping companies. In summary, the contributions and suggested implementations are as follows:
• The use of discrete-continuous approaches that capture the maximum and random utility behaviors derived from heterogeneous samples. A selectivity-bias term included in the regression model corrects for the conditional selection behavior of potential driver partners' maximum TTT. Moreover, the statistical significance of the random selectivity-bias parameter confirmed the variation in respondent behavior.
• The findings for the main socio-demographic characteristics that influence prospective crowdshippers' WTW may potentially help crowd-shipping companies to more successfully recruit employees. Future works should consider additional factors, such as package characteristics (e.g. weight and size), incentives, and scenario contextualization. As such, insights from the estimated results are helpful to assess the importance of variables and the circumstances in which individuals are willing to be driver partners. Those insights are also valuable for crowdshipping companies' operational strategies (e.g. matching criteria). For example, the information help to match requests and couriers and potentially allow couriers to deliver goods around the clock and thereby avoid peak travel period.
• The use of incentives is a significant influence on the willingness of crowd-shippers to travel additional time for package pickup and delivery. ETP information is also helpful for crowdshipping companies' operational strategies. For example, driver partner compensations can be designed based on the time of the day and the day of the week.
• It has potential of sharing the data (speed and travel time) collected by crowd-shipping firms, and integrating the data with daily transportation operation/management centers to improve the urban mobility, safety, and environment. By providing the data, crowd-shipping companies also build trust with regulators.
• Certainly, government bodies play a crucial role to grow a crowd-shipping industry through legislations, regulations, and subsidies. For example, provide appropriate incentive packages to attract ordinary drivers to switch to crowd-shipping driver partners are a feasible initiative.
In conclusion, this research has provided for the first time important insights into the behaviors regarding the supply generation for crowd-shipping system. Future research is still needed to validate the findings in different contexts and extend the knowledge in this field.
